The ability to recognize the liquid surface and the liquid level in transparent containers is perhaps the most commonly used evaluation method when dealing with fluids. Such recognition is essential in determining the liquid volume, fill level, phase boundaries and 
Introduction
The visual identification of the liquid level and liquid surface in transparent vessels is perhaps the most commonly used analytical method for dealing with fluids. Such recognition has applications in a wide variety of fields, ranging from industry bottle-filling to everyday water and beverage handling (Figure 1) . One of the fields in which liquid surface recognition is most commonly used is solution chemistry. The ability to recognize liquid surfaces in the chemistry laboratory is essential for the estimation of liquid volume and liquid level as well as for the identification of phase boundaries and phase separation. The identification of such properties is essential to many laboratory techniques, 1, 33 including liquid-liquid extraction, 
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To date, little research has been performed on using computer vision to recognize surfaces between liquid and air, 16, [18] [19] [20] [21] [22] and even fewer works have focused on the recognition of surfaces between phase-separating liquids. 1, 3, 31 The methods available are either based on specific additives such as colored floating beads, 1, 3, 31 or assume specific conditions. A general system that can identify phase boundaries and surfaces with no additives and in uncertain conditions, similarly to a human observer, is not yet available. Such a system could potentially be used for the automation of many laboratory processes. No prior knowledge of the number of liquid phases or their properties is required. The only restriction regarding the vessel shape is that the vessel must be axisymmetric (cylindrical symmetry), which is by far the most common symmetry for a liquid container in any field.
However, the method can be extended to other container symmetries. The method scans the vessel area in the image, line by line, and generates curves corresponding to the outlines of all possible liquid surfaces in the vessel (Section 2). The curves generated are then examined and rated according to their correspondence to the outlines of real liquid surfaces in the image.
The curve rating is achieved by evaluating a specific property of the image around each point of the curve and using the result to rank the curve's correspondence with the liquid surface (Section 3). Various image properties such as the intensity change and the edge density have been evaluated as indicators for the liquid surface outline (Section 4). The best indicators were found to be the relative intensity change normal to the curve as well as the change in edge density and the gradient direction (Section 4). The main reasons for failed recognition and false recognitions are also examined (Sections 5-8).
Computer vision in the chemistry laboratory, hierarchical approach
Vision-based recognition is the most common type of analysis used in dealing with a chemical process. 1, 33 Despite the extensive use of vision-based recognition in the laboratory, only minor attention has been given to the use of computer vision in chemistry. interfaces in liquid-liquid extraction. 3, 31, 35 The fact that this method has already been successfully applied in several automatic chemistry systems demonstrates the potential of machine vision in chemistry. Ideally, a computer vision system for chemistry will be able to replicate the ability of a human observer to identify the myriad aspects of chemical systems without assistance or additives. The main challenge in developing such a general computer vision system is the diversity of the problem. A complete visual analysis of any chemical system will first require the recognition of the vessel in which the chemical is stored, followed by the recognition of the phases within the vessel and finally the analysis of the properties of the phases. Solving all of these problems simultaneously requires a considerable amount of work and will result in a complex but not necessarily usable solution. A simple way to avoid this problem is by using a hierarchical layer-by-layer approach. In this approach, each layer of recognition is performed independently, and the results are passed to the next layer ( Figure 2 ). Each layer focuses on the recognition of one specific set of features, assuming that all necessary information has already been found by higher layers. The first layer recognizes the liquid vessel and traces its boundaries in the image (Figure 2 .a). The first layer then passes the results to the second layer, which recognizes the liquid and gas phases in the vessel (Figure 2 .b). The boundaries of these phases are transferred to the next layers, which can recognize further features (e.g., emulsion, solids, color). The advantage of the hierarchical approach is that it allows each step of the recognition to be addressed independently, which considerably simplifies the problem. The current work will address the second layer of recognition, the identification of the liquid phases. The boundaries of the vessel will be assumed to have been found in the previous layer. The recognition of the vessel boundaries can be achieved either by separating the vessel from the background or by using the template in the vessel shape (Figure 2 .a). Source codes and instructions for performing vessel-boundaries recognition are available freely (See Supporting Information, section 9). 
Basic concepts in image analysis
This section will provide a brief review of some essential concepts in image analysis that will be used in this work.
Pixel: All digital images are written as a 2D matrix, where each cell in the matrix is referred to as a pixel. The value of each pixel represents the color of the pixel location in the image ( Figure 3 ).
68, 69
Color image (RGB): Each pixel in the RGB color image has three components (R, G, B). 68, 69 These components correspond to the saturation of the Red, Green and Blue colors in that pixel (Figure 3 .a). Each component can have a value ranging from 0 to 255, where 255 means full color saturation (Figure 3 .a). The combination of only three colors (wavelengths) with different intensities can generate the majority of the colors perceived by human vision. The RGB scheme is therefore used in the majority of digital screens, as well as for the storing and processing of color images.
Grayscale image: Grayscale images are essentially black-and-white images in which each pixel has a single value that represents the gray level or intensity in this pixel location ( Figure   3 .b). 68, 69 The value of each pixel can range from 0 (black) to 255 (white). For human vision, the colors of such images are perceived as shades of gray (Figure 3 .b). Grayscale images are commonly used in computer vision because they can be analyzed as 2D matrices or 2D
functions.
Gradient image:
Gradient images are essentially the gradient maps of the intensity in the grayscale image (Figure 3 .c). 68, 69 The value of each pixel in the gradient matrix represents the value of the intensity gradient in this pixel location. The gradient size is calculated as the Pythagorean sum of the difference between the intensity of the pixel and its close neighbors (in the grayscale image). The importance of the gradient map is that the edges of objects and patterns in images are usually characterized by a strong intensity change. Therefore, edges in the image are usually found by locating image areas with a large gradient (Figure 3 .c).
68-71
Edge image: The recognition of features in images is usually achieved by first finding the edges of the features. [68] [69] [70] [71] Edge recognition is therefore an extremely important aspect of computer vision. An edge image is a binary matrix ( by a sharp change in intensity. Therefore, a simple method for the identification of edges is using all pixels in which the intensity gradient size exceeds some threshold value ( Figure 3 .c). While more sophisticated methods such as the canny operator 70 are usually used, the methods all use the intensity gradient magnitude as the main indicator for edge recognition.
Review of research in liquid level recognition
The available approaches on the machine vision-based recognition of liquid surfaces and phase boundaries could be divided into three major categories. (Figure 3 .c). 15 The second edge-based approach is to identify the longest horizontal edge line in the canny edge image as the liquid level (Figure 3.d) . 22 Yet another edge-based approach is to take the average vertical distance from some reference line to the closest lower edge point in the edge image.
16, 18, 20
General computer vision approach for the recognition of the liquid surfaces in a vessel
All the existing approaches for recognition of the liquid level have reported good results for the task for which they were designed. However, these methods are limited by either the use of specific additives or the need for a specific set of conditions.
A machine vision approach that will replicate the ability of a human observer to find the boundaries of liquid phases in an image must address four major challenges:
a) The various shapes of vessels in which the liquid can be stored. The large number of glassware shapes used in chemistry (Figure 1 ) makes this requirement particularly important for this field.
b) The liquid surface, which can take various shapes in the image. Current methods usually assume that the liquid phase boundary will take the shape of straight line. This assumption is true when the surface is viewed from a small angle ( Figure 5 .a).
However, depending on the angle of view, the liquid surface shape can take various forms in the image ( Figure 5 ). This work will suggest a general approach that confronts these challenges.
Scanning possible liquid surface curves
The liquid surface in an image is identified by scanning all curves that correspond to a possible outline of the liquid surface in a given vessel shape. The curves that overlap with the outline of the real liquid surface in the image are then identified. This approach is performed in three steps: a) Generate all curves that correspond to the possible outline of the liquid surface in a given vessel image (Section 2.1). b) For each curve, find the score that represents the curve match to the outline of the real liquid surface in the image (Section 2.2). c) Accept the curves with the best scores or the curves with the scores that pass some threshold (Section 2.3). A detailed description of each step is given in the following sections. 
Rating correspondence between the curves and outlines of liquid surfaces
Once a curve has been generated, the curve is evaluated and rated by comparing it to the image. The curve is given a score that estimates its overlap with the outline of the real liquid surface in the image. The best method to perform such an evaluation on an elliptical curve is by first dividing the ellipse into upper and lower curves ( 
Selecting the curves threshold score and determining the number of phases
Once all of the curves have been generated and rated, the next step is to pick the curves that represent real liquid surfaces according to their scores. The major challenge in this step is the determination of a threshold score for accepting a curve as the true outline of the liquid surface in the image. If the vessel is known in advance to contain N liquid phases, it is possible to pick the N curves with the top scores (not including the top and the bottom of the vessel). However, there is often no prior knowledge of the number of separate liquid phases in the image. In such a case, it is necessary to set some threshold score that will determine which curves will be accepted. A good way to pick such a threshold is as some fraction of the best score obtained (for all curves). In this method, the curves are first sorted according to their scores. The threshold score is then taken as a given fraction of the best score
). This method is effective even if the vessel is empty because, in an image of an empty vessel, the curves corresponding to the top and the bottom of the vessel will still receive relatively high scores that will be used as the threshold.
Avoiding multiple recognition of the same surface
The acceptance of more than one curve for a single liquid surface has proven to be a major problem. This problem occurs when the liquid surface in the image convolves with multiple curves and can be partially solved by setting a minimal distance between two accepted curves. If the gap between the two curves is smaller than the minimal distance, the curve with the lower score is deleted. 
Evaluating and rating the correspondence between the curve and the liquid surface line in the image
The ability to evaluate the correspondence between a given curve and a liquid surface in the image is the core of the recognition of liquid surfaces (section 2). This evaluation is performed by examining some property of the image around each point of the curve and using this property to calculate a local score for that point. The curve score could be evaluated by either averaging the local scores for all points on the curve or taking their percentile. The curve score represents a correspondence level between the curve and the outline of the liquid surface in the image. Ideally, the property used to calculate the curve score should be unique to the liquid surface regions in the image. Several image properties have been examined as indicators for the liquid surface and are discussed in section 4. The methods used to calculate the curve score are discussed in section 3.1, below.
Methods for calculating the correspondence score between the curve and the liquid surface in the image
Three computational methods have been used to evaluate the correlation between the curve and the outline of the liquid surface in the image. Detailed step-by-step algorithms of these methods are given in sections 3.1.1-3.1.3 (these sections are not essential for understanding the rest of the paper and can be skipped). Each of the methods could be used to calculate a wide variety of image properties and could be applied to the grayscale image, the gradient map or the edge image (section 1.2), depending on the type of property used as the indicator.
The method by which the curve score is calculated has a considerable effect on the result of the recognition process. Similar image properties evaluated using different methods often gave different results in terms of recognition accuracy. Table 1 -2, column 3) . The total curve score is calculated as either the average or the percentile of the local scores of all of the points in the curve (Table 1- b) The average value of all pixels in this region that are located above the curve is calculated as U (U, Figure 6 .e). The average value of all of the pixels in this region that are located on the curve or below the curve is calculated as D (D, Figure 6 .e).
c) The local score of each curve point is calculated as either 
Experimental procedure
The methods and the indicator for the liquid surface were evaluated based on the test results images with an Intel I7 processor). The vessels used for the images were laboratory glassware commonly used in synthetic chemistry, including a beaker, a round bottom flask, an
Erlenmeyer flask, a separatory funnel and a chromatography column. Out of 147 total images, 59 contained one liquid, and 88 contained two liquid phases (Figures 1, 9 ). The liquids used included water, oil, hexane, DMF, THF and silica slurry. The results of each method were evaluated by manually counting the number of the surfaces that were missed and the number of false recognitions of surfaces (Tables 1-2 ). The pictures of the vessels were taken using a simple digital camera (Canon A810) in the organic chemistry laboratory.
Smooth black curtain fabric with no ripples was used as both background and tablecloth. Tables 1-2 
Evaluation of the methods and indicators

Image properties as indicators for phase boundaries
Several image properties were examined as indicators for the liquid surface. The indicators were evaluated using the methods in section 3.1. The evaluation results appear in Tables 1-2 
Intensity, intensity difference and relative intensity difference
Three major properties of the grayscale images (section 1.3) were examined as indicators for the liquid surface boundaries. These properties are the intensity, the intensity change and the relative intensity change (normal to the curve). Of these properties, the relative intensity change was found to be the best indicator for the liquid surface boundaries.
Intensity
The edges of the liquid surfaces in the images usually exhibit a high intensity (Figures 9-11 ),
suggesting that the intensity of the pixels along the curve (in the grayscale image) could be used as an indicator for the liquid surface (Entry 7, Table 1 ). However, the intensity proved to be a poor indicator for the liquid surface because image regions with high intensity also appear in many types of features not related to liquid surfaces (Figures 9-11 ).
Intensity change
The intensity difference is one of the main indicators used by both human and computer vision to identify features in images. The liquid surface in an image usually shows a strong change in intensity normal to the surface boundaries ( Figures 9-11) , suggesting that the intensity change can act as an effective indicator. The curve local score evaluation was performed using the intensity change normal to the curve around each pixel on the curve (Entry 21, Table 2 ). This indicator gave good results for surfaces with strong boundaries but weak results for surfaces with weak and blurry boundaries (Entry 21, Table 2 ).
Relative intensity difference
The relative intensity change normal to the curve was found to be the best indicator for the liquid surfaces in the images. This indicator used the intensity change normal to the curve divided by the intensity as the local score (Entries 1, 22, 23, Tables 1-2 ). The advantage of this indicator is that it balances the illumination effect and the boundary strength, which makes it better for detecting liquid phases with weak boundaries. This approach provided very good results in terms of the recognition and false recognition rates (Entries 1, 22, 23, Tables 1-2) . Some of the results of this method are shown in Figure 9 .
Intensity change direction and sign consistency
The pixel intensity could either decrease or increase when going from the upper to the lower side of the curve. Therefore, the intensity change normal to the curve could be either positive or negative (Section 4.1). When calculating the curve scores, the sign of the change is not important, and the average change around all of the curve points is taken as an absolute value.
However, the consistency of the direction of the change is important. The methods that average the absolute values of the local changes (Entry 5-6 Table 1 ) provided inferior results compared to the methods that use the absolute value of the average change (Entries 2-3, Table 1 ). This result can be explained by the fact that intensity changes could result from various image interferences and noises, which tend to have an inconsistent direction. As a result, the intensity changes resulting from noise will tend to cancel each other out when averaged with the sign included. Table 2 ). The main problem in this approach is the large number of unrelated edges caused by other features in the image (Figure 3.d) . One way to solve this problem is by using the difference between the edge density on the curve and the edge density on the area directly above the curve. This approach prevents false recognition in the noisy image areas with high edge density and results in improved accuracy (Entry 32, Table 2 ).
Combining edge and gradient direction
Another way to improve the accuracy of the edge base indicators is by using the direction of the edge relative to the direction of the curve. The edge line resulting from the boundary of the liquid surface should have the same direction as the curve corresponding to the outline of this surface. To include the edge direction in the calculation of the curve score, the scalar product of the gradient direction ( Figure 7 ) and the curve normal was used (Entry 31, Table   2 ). This approach provided good results specifically for the recognition of the liquid-liquid surfaces (Entry 31, Table 2 ). A similar approach is to use the generalized Hough transform for elliptical curves. 68, 69, 76 However, this approach gave inferior results (Entry 16, Table 1 ).
Average and percentile-based approaches for evaluating curve scores
Methods 1-2 (Section 3.1.1-2) evaluate the correspondence of the curve to the liquid surface by evaluating some image property around each point in the curve. This property is then used to calculate the local score for this point. The curve score could be calculated either by averaging the local scores of all the curve points or by taking the percentile (highest value that is exceeded by 65% of the points). Averaging has the advantage of using the scores of all of the points in the curve. The percentile has the advantage of being more rigid and less sensitive to noise. When used alone, the percentile-based score gave better results (Entries 1, 3, Table 1 ). However, the best approach was found to be the combination of the percentile and the average of the local scores. This approach uses the average to find the curve score and the percentile as a consistency check for filtering curves with high scores and low consistency. Hence, the score is calculated by averaging the local scores. However, only curves in which the local score of 85% of the points passes the minimal value with a consistent sign are used. This approach was named the consistency check and is discussed in the following section.
Curve consistency check as the filter for false recognition
The liquid surfaces in the image exhibit an intensity change that is consistent along most of the surface boundaries (Figures 9-11 ). Other image features often show a stronger intensity change across their boundaries. However, such features rarely have a shape that is consistent with any possible liquid surface in the image, implying that curves that receive a high score as a result of partial overlap with image features not related to the liquid surfaces could be filtered out by examining their local score consistency. Filtering out curves with high scores but low consistency was found to be highly effective in reducing the false recognition rate.
The filtering was performed by using only curves in which 85% or more of the points' local scores have the same sign and values that exceed some minimal threshold (setting a minimal threshold value for the 85 th percentile of the local scores). The relative intensity change normal to the curve was found to be a good indicator for such a consistency check (Section 4.1.3). This filter was applied by demanding that at least 85% of the points on a given curve will show a relative intensity change of 10% or more with the same sign.
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Adding this filter to various methods considerably reduces the number of false recognitions without any significant increase in the miss rate. This can be seen by comparing the results of the methods that were used with a consistency check ( Table 2 ) and without the consistency check (Table 1 ). The property used as an indicator for the consistency check does not have to be the same as the image property used to evaluate the curve score. All methods in Table 2 used a consistency check based on the relative intensity change, and all show considerable improvement regardless of the property used to calculate the score (Table 2 ).
Resolution
The resolution of the scan is essentially the size of the area around each point in the curve where the indicator property was evaluated (Section 3.1.1). For most liquid surfaces, the thickest resolution possible was found to give the best results (examination of the pixels directly on the curve and their direct neighbors, Figures 6-8) . However, for dispersive and emulsive phase boundaries (Figure 10 ), the examination of pixels that are farther away from the curve (2% of the container height) was found to give better results (Entry 27, Table 2 , last column) because, in such cases, the phase boundaries are dispersive, and change can occur over a wider range.
Use of color
The curve correlation with the liquid surface was also evaluated using a color image (RGB, Section 1.3). The image was first separated into red, green and blue channels. Each channel was then evaluated by comparing the channel to the curve as if it were a grayscale image with an intensity value that corresponds to the color saturation. The curve scores of the red, green and blue channels were averaged to give the final curve score. However, no real improvement in accuracy resulted from using the color image (Entry 28, Table 2 ). This could be explained by the fact that the all of the images examined in this work contained transparent liquids or white silica. As result, the color image contained little additional information compared to the grayscale image. For vividly colored liquids, the use of color in the recognition process would likely show superior results. Table 2 shows that the recognition of liquid-air surfaces was achieved with high accuracy (less than 10% miss rate) for all evaluation methods. The accuracy for the best methods was nearly perfect, with a miss rate of less than 1%, for liquid-air boundaries (Entries 21-23, Table 2 ). The boundaries between phase-separating liquids were missed at a much higher rate by all of the methods. This high miss rate is caused by two major properties of liquid-liquid interfaces: a) weak surface boundaries ( Figure 10 ) and b) emulsifying and dispersive phase boundaries. Both are discussed below.
Main causes for missed recognition of phase boundaries
Weak surface boundaries.
Weak phase boundaries are characterized by a small change in intensity across the liquid surface edges (Figure 10 
Dispersive and emulsive surfaces
Emulsion is characterized by droplets of one liquid dispersed in the other liquid. Emulsion occurs as a result of the incomplete phase separation between the liquid phases ( Figure 10 ).
Emulsive phase boundaries have two negative effects that disrupt their recognition. First, the emulsion causes the phase transition between liquids to occur over a wide range instead of a thin line. As a result, instead of a sharp intensity change at the phase boundaries, the image shows a weak change over a wide range, making identification more difficult ( Figure 10 ).
Another negative effect of emulsion is that the liquid surface is no longer in equilibrium and therefore no longer minimizes its area to form a flat plane. As a result, the liquid surface will no longer take the shape of a line or an ellipse in the image. Therefore, the curves generated during the scan (Section 2.1) can no longer match the liquid surface shape accurately. A partial solution for the recognition of emulsive phase boundaries is using a lower resolution (Section 4.5), i.e., using a larger area in the image above and below the curve line when evaluating the image property used as an indicator for the liquid surface. This practice improves the recognition rate for the emulsive surfaces but reduces the recognition accuracy for all other cases (Entry 27, Table 2 , last column).
False recognition of liquid surfaces
False recognition of a curve as a liquid surface occurs when a curve that does not overlap with any real liquid surface in the image receives a score that passes the acceptance threshold (Figures 11-12 ). One way to reduce the false recognition rate is by increasing the threshold for accepting the curve as the liquid surface line (Section 2.3). However, increasing the threshold inevitably increases the miss rate of the real surface lines. The major causes of false recognition are image features originating from reflections, labels, sharp turns in the container surface, droplets and nonhomogeneous fluids (Figures 11-12 ). The edges of these features can overlap with the elliptical curve in the scan (Section 2) and increase its score. As a result, the curve can receive a high score and be accepted even when the curve does not overlap with any real liquid surface in the image. The image features that cause false recognition can be divided into two categories: a) patterns in the image that do not fit the shape of any possible liquid surface outline (Figure 11 ), and b) patterns with an elliptical or line shape that fits a possible liquid surface ( Figure 12 ). Both categories are discussed below. false recognition by overlapping with the generated elliptical curve (Section 2.1) in specific areas ( Figure 11 ). The edges of such patterns can be stronger than the edges of the liquid surface boundaries. As a result, even a small overlap between the pattern and a curve can affect the curve score and cause it to be accepted as a liquid surface. However, because such patterns do not follow the shape of any possible liquid surface, their effect might be strong in some areas but inconsistent along the entire curve. Using the consistency of the edges along the curve can therefore be used to filter out false recognitions resulting from such patterns.
Percentile-based approaches and consistency check (Section 4.4-4.4.1) have proven to be highly effective for this purpose. Once a curve was generated, it was rated according to its correspondence to a real liquid surface in the image. Dividing the curve into upper and lower halves and evaluating each of the halves separately was found to improve the recognition accuracy. The rating of the curve correspondence to a liquid surface was performed by evaluating some image property around each point of the curve and using the result to determine the curve match score. Several image properties were examined as indicators for liquid surfaces. The best indicators were found to be a) the relative intensity change normal to the curve; b) the edge density on the curve combined with the scalar product of the intensity gradient direction and the curve normal; and c) the difference between the edge density on the curve and the region directly above it. Both the consistency of the indicator along the curve and its average were found to be important in evaluating the curve match to the liquid surface. The indicator consistency (percentile) along the curve was found to be particularly important for filtering out false recognitions. The main causes of false recognitions were found to be image features with the shape of a horizontal line or an ellipse that fit the outline of a possible liquid surface. The recognition of air-liquid surfaces was achieved with very low miss rates (less than 1% miss rate for the good methods). However, the miss rate for the boundaries between phaseseparating liquids was much higher (greater than 10% miss rate for all of methods). This higher miss rate can be explained by the emulsions and weak boundaries in such surfaces.
The emulsive surfaces were the hardest to recognize due to their unpredictable shape and the blurry boundaries. Using a scan with lower resolution helped to reduce the miss rate for such surfaces. The results of this work suggest that creating a general recognition method for liquid systems is essentially possible and can achieve good accuracy in various cases.
However, at this point, no perfect solution has been found with respect to missed recognitions resulting from weak/distorted surfaces or to false recognitions resulting from surface-like features. Additive-based methods for tracing interfaces, such as the colored beads method, 2) www.mathworks.com/matlabcentral/fileexchange/46907-find-object-in-image-usingtemplate--variable-image-to-template-size-ratio-Preventing multiple recognition of the same surface is implemented by scanning the accepted curves from higher to lower scores and comparing each curve to all curves with higher scores. If the distance between curves is smaller than some threshold distance, the curve is deleted, and the scan continues to the next curve. 73. The most effective region for local score in method 1(Section 2.2), was found to be the region that contains all the direct neighbors of the pixel, not including the line below the pixel (for the curve corresponding to the upper ellipse half (Region surrounded by rectangle in Figure 6.d) ).
74.
The global relative intensity change ( 
75.
The curve score is the difference between the average intensity inside the elliptic curve and the average intensity around the elliptic curve (in a radius of 1 pixel 
